Interim Scoring for the EQ-5D-5L: Mapping the EQ-5D-5L to EQ-5D-3L Value Sets  by van Hout, Ben et al.
Wa
3
s
c
P
p
V A L U E I N H E A L T H 1 5 ( 2 0 1 2 ) 7 0 8 – 7 1 5
Avai lable onl ine at www.sc iencedirect .com
journal homepage: www.elsevier .com/ locate / jva lInterim Scoring for the EQ-5D-5L: Mapping the EQ-5D-5L to EQ-5D-3L
Value Sets
Ben van Hout, PhD1, M.F. Janssen, PhD2, You-Shan Feng, PhD3, Thomas Kohlmann, PhD3, Jan Busschbach, PhD4,
Dominik Golicki, MD5, Andrew Lloyd, PhD6, Luciana Scalone, PhD7,8, Paul Kind, MPhil9, A. Simon Pickard, PhD10,*
1University of Sheffield, Sheffield, UK; 2EuroQol Group, Rotterdam, The Netherlands; 3Institute for Community Medicine, University of Greifswald, Greifswald,
Germany; 4Medical Psychology and Psychotherapy, Erasmus University, Rotterdam, Viersprong, Halsteren, The Netherlands; 5Medical University of Warsaw,
arsaw, Poland; 6Oxford Outcomes, Oxford, UK; 7Research Centre on Public Health, University of Milano – Bicocca, Milan, Italy; 8CHARTA Foundation,
Milano, Milan, Italy; 9Centre for Health Economics, University of York, York, UK; 10Center for Pharmacoeconomic Research, College of Pharmacy, University of
Illinois at Chicago, Chicago, IL, USAA B S T R A C Tp
r
w
C
i
o
v
c
c
t
K
u
CBackground: A five-level version of the EuroQol five-dimensional (EQ-
5D) descriptive system (EQ-5D-5L) has been developed, but value sets
based on preferences directly elicited from representative general pop-
ulation samples are not yet available. The objective of this studywas to
develop values sets for the EQ-5D-5L by means of a mapping (“cross-
walk”) approach to the currently available three-level version of the
EQ-5D (EQ-5D-3L) values sets. Methods: The EQ-5D-3L and EQ-5D-5L
descriptive systems were coadministered to respondents with condi-
tions of varying severity to ensure a broad range of levels of health
across EQ-5D questionnaire dimensions. We explored four models to
generate value sets for the EQ-5D-5L: linear regression, nonparametric
statistics, ordered logistic regression, and item-response theory. Crite-
ria for the preferred model included theoretical background, statistical
fit, predictive power, and parsimony. Results: A total of 3691 respon-
dents were included. All models had similar fit statistics. Predictive O
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doi:10.1016/j.jval.2012.02.008ower was slightly better for the nonparametric and ordered logistic
egressionmodels. In considering all criteria, the nonparametricmodel
as selected as most suitable for generating values for the EQ-5D-5L.
onclusions: The nonparametric model was preferred for its simplic-
ty while performing similarly to the other models. Being independent
f the value set that is used, it can be applied to transformany EQ-5D-3L
alue set into EQ-5D-5L index values. Strengths of this approach in-
lude compatibility with three-level value sets. A limitation of any
rosswalk is that the range of index values is restricted to the range of
he EQ-5D-3L value sets.
eywords: EQ-5D, mapping, preference-based measures, quality of life,
tilities.
opyright © 2012, International Society for Pharmacoeconomics and
utcomes Research (ISPOR). Published by Elsevier Inc.Introduction
As a generic preference-basedmeasure of health, the EQ-5D ques-
tionnaire has many applications that aid decision making in
health [1]3. The standard format of the EQ-5D descriptive health
classifier system developed by the EuroQoL Group consists of five
dimensions of health, each with three levels of problems (EQ-5D-
3L, the 3L hereon). Over the past 20 years, value sets for the 3L
health classifier system have been developed for many countries
around the world [2].
The EuroQol Group has recently introduced a 5-level EQ-5D
questionnaire (EQ-5D-5L, the 5L hereon) that expands the range of
responses to each dimension from three to five levels [3] There is
n extensive literature to support the validity and reliability of the
L in many conditions and populations [4–9] There is, however,
ome evidence of limited sensitivity/responsiveness of the 3L to
hanges in health, in part due to ceiling and floor effects [10,11]
reliminary studies indicated that a 5L version improves upon the
roperties of the 3L measure in terms of reduced ceiling and floor
* Address correspondence to: A. Simon Pickard, Center for Pharm
Chicago, 833 South Wood Street, Room 164, MC 886, Chicago, IL60
E-mail: pickard1@uic.edu.
1098-3015/$36.00 – see front matter Copyright © 2012, Internation
Published by Elsevier Inc.ffects, increased reliability, and improved ability to discriminate
etween different levels of health [11–13].
Studies that directly elicit preferences from representative general
opulation samples to derive value sets for the 5L using a harmonized
rotocol are under development in a number of countries. It will take
ime, however, for these studies to be completed and results dissemi-
ated. In the interim, the EuroQoL Group coordinated a study that co-
dministered both the three-level and five-level versions of the EQ-5D
uestionnaire to facilitate the examination of various statistical ap-
roaches to estimating value sets for the 5L. Thus, the objective of this
tudywastoexaminedifferentapproachestoderivingvaluesets for the
L utilizing currently available 3L value sets and recommend a cross-
alk thatwould generate values for the 5L.
Methods
Data
Respondents completed both the 3L and the 5L in six countries:
Denmark, England, Italy, the Netherlands, Poland, and Scotland.
conomics Research, College of Pharmacy, University of Illinois at
ciety for Pharmacoeconomics and Outcomes Research (ISPOR).
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709V A L U E I N H E A L T H 1 5 ( 2 0 1 2 ) 7 0 8 – 7 1 5The official EQ-5D-5L language version for each country was
used. Different subgroups were targeted, and in most countries,
a screening protocol was implemented to capture a broad spec-
trum of health across the EQ-5D dimensions for both the 5L and
3L descriptive systems. The screening protocol was operation-
alized as follows. First, conditions were identified that would
provide varying levels of problems on each dimension based on
existing data sets and literature (e.g., stroke and rheumatoid
arthritis for problems withmobility, depression and personality
disorder for problems related to anxiety/depression). Second,
after data were collected from approximately 100 patients with
the selected condition, the frequency distributions for each di-
mension were examined. If only a limited range of responses to
the various levels described by each system were endorsed, a
screening question was added to filter out relatively healthy
patients less likely to report any problems. The severity assur-
ance protocol was followed in all countries except Italy, which
did not administer a severity screening protocol for patients
with liver disease. The 5L was administered first, followed by
the visual analogue scale and a number of demographic ques-
tions, and finally the 3L. A previous study showed that when
respondents scored the 3L first, there was a tendency to avoid
the in-between levels 2 and 4 of the 5L, and therefore all respon-
dents scored the 5L first [11].
Measures
The 3L version of the EQ-5D questionnaire is the standard version
that has been used in hundreds of clinical trials and methodolog-
ical studies published in the peer-reviewed literature [1]. It is a
brief self-reported measure of generic health that consists of five
dimensions (mobility, self-care, usual activities, pain/discomfort,
and anxiety/depression), each with three levels of functioning
(e.g., no problems, some problems, and extreme problems). This
health state classifier can describe 243 unique health states that
are often reported as vectors ranging from 11111 (full health) to
33333 (worst health). Numerous societal value sets have been de-
rived from population-based valuation studies around the world
that, when applied to the health state vector, result in a prefer-
ence-based score that typically ranges from states worse than
dead (0) to 1 (full health), anchoring dead at 0. In addition, the
measure includes a visual analogue scale where health is rated on
a scale from 0 (worse imaginable health) to 100 (best imaginable
health). In developing the 5L, the dimensional structure of the
EQ-5D questionnaire was retained and descriptors for the levels of
each dimension were adapted to a five-level system based on
qualitative and quantitative studies conducted by the EuroQol
Group [3]. The labels for the 5L followed the format “no problems,”
slight problems,” “moderate problems,” “severe problems,” and
unable to”/“extreme problems” for all dimensions. For mobility,
he description of “confined to bed” has been changed to “unable
owalk about.” In addition, for usual activities, theword “perform-
ng” has been changed to “doing” (UK version). Pilot studies inves-
igating different preference-based elicitation techniques are cur-
ently being conducted for the 5L system to inform large-scale
nternational valuation studies.
Modeling approaches
Methodologically, we identified two general approaches condu-
cive to the development of a 5L crosswalk (i.e., a mapping ap-
proach that allows 5L index values to be calculated on the basis
of a link between 5L dimension responses and 3L value sets)
that were based on different paradigms for health measure-
ment. The first approach utilized what we call direct and indi-
rect methods to estimate the relationship between the 3L data
and the 5L data. The second approach used psychometric scal-
ing techniques that assume that the 3L and 5L response catego- wries are indicators of a common underlying construct. Specifi-
cally, the first approach uses direct methods to “transfer to
utility” or indirect “response mapping” techniques [14]. The di-
rect method employs ordinary linear regression or related sta-
tistical techniques to directly “transfer” the 5L responses to the
3L preference-based index values. The indirect method requires
multinomial regression or other techniques (e.g., ordered logis-
tic regression [OLR]) suitable for predicting categorical re-
sponses to estimate the relationship between responses to the
3L and 5L descriptive systems.
The second approach, which used psychometric scaling tech-
niques, assumes that the 3L and 5L response categories are indi-
cators of a common underlying construct [15]. Psychometric scal-
ing models can then be used to analyze the association between
the underlying construct and the 3L and 5L responses. Given the
parameter estimates from the scaling model, an algorithm can be
derived for the assignment of scores to the 3L and 5L response
categories. These scores indicate how the 5L categories corre-
spond to those in the 3L system. Any model for the scaling of
categorical responses can be used for this purpose, at least in prin-
ciple.
Within these two approaches, four types of statistical models
were explored to develop crosswalks from the 3L to the 5L. The
first set of models used the direct method of linear regression
(ordinary least squares) to examine the relationship between the
5L responses and 3L index-based scores. We used the UK value set
based on the Dolan et al. [16] algorithm for this purpose, because it
s by far the most used and cited. Because the UK algorithms in-
lude an interaction term for any level three response (“N3”), we
ested variants for the 5L by usingN2, N3, N4, andN5 terms. A final
ariant was a model with the logarithm of the sum score of all
imensions, to capture the decrease in preference value with in-
reased worsening of the health state.
The second model was based on the indirect mapping
ethod, where 3L responses were predicted from 5L responses,
nd probabilities associated with the 3L responses were applied
o their index values to obtain 5L values. Simple nonparametric
alculations based on the frequencies obtained when cross-tab-
lating the responses on the 3L and the 5L were used, that is, the
roportions of the 3L level scores within each of the five 5L
evels. This so-called nonparametric model leads, for each di-
ension and level of the 5L, to probabilities of being in each of
he 3L levels. For each health state described by the 5L system
n  3125), the probability of reporting each of the 243 3L health
tates was determined by taking the product of the correspond-
ng probabilities. For instance, a respondent reporting the 5L
ealth state vector 23245 and 12123 on the 3L system is the
roduct of
. the probability of level 1 on 3L-mobility given level 2 on 5L-
mobility;
. the probability of level 2 on 3L-self-care given level 3 on 5L-self-
care;
. the probability of level 1 on 3L-usual activities given level 2 on
5L-usual activities;
. the probability of level 2 on 3L-pain/discomfort given level 4 on
5L-pain/discomfort;
. the probability of level 3 on anxiety/depression given level 5 on
5L-anxiety/depression.
n total, 243 transition probabilities are generated. Note that in
his model we did not allow for interaction between the dimen-
ions. The 5L index value is then calculated by multiplying the
43 transition probabilities by their corresponding 3L index val-
es, and subsequently summing them. This can be done for
ach 5L health state linked with each 3L health state. In this
ay, a 3125 243 matrix of transition probabilities was created.
710 V A L U E I N H E A L T H 1 5 ( 2 0 1 2 ) 7 0 8 – 7 1 5This technique of calculating 5L values as a summation of 243
products of transition probabilities with 3L index values was
also followed (as the final step) in the third and fourth models.
Table 1 – Respondent characteristics.
Country Population n %
Denmark Diabetes 230
Orthopedic accident 94
Rheumatoid arthritis 35
England ADHD 69
Arthritis 250
Back pain 70
COPD 125
Depression 250
Diabetes 45
Myocardial infarction 75
Parkinson’s disease 32
Stroke 85
Italy Liver disease 426
Netherlands Kidney dialysis 49
Personality disorders 384
Poland Stroke 529
Student population 443
Scotland Asthma 21
Cardiovascular disease 176
COPD 196
Multiple sclerosis 15
Parkinson’s disease 5
Rheumatoid arthritis 87
Overall 3691
ADHD, attention deficit/hyperactivity disease; COPD, chronic obstr
five-dimensional questionnaire; VAS, visual analogue scale.
* Values based on UK value set [16].
Table 2 – Cross tabulation for EQ-5D-3L and EQ-5D-5L resp
EQ-5D-3L
No problems Slight problems
Mobility
No problems 1782 119
Some problems 29 552
Confined to bed 1 1
Self-care
No problems 2468 82
Some problems 43 408
Unable to 3 5
Usual activities
No problems 1382 163
Some problems 42 661
Unable to 5 7
Pain/discomfort
None 1126 211
Moderate 65 850
Extreme 1 4
Anxiety/depression
None 1352 219
Moderate 45 841
Extreme 1 3
EQ-5D-3L, three-level version of the EuroQol five-dimensional ques
questionnaire.The third model, another instance of the indirect method, es-
timated transition probabilities by using a logistic regression
model for ordered categories. OLR is an extension of standard lo-
ale Mean
age (y)
Mean
VAS (SD)
Mean EQ-5D-3L
index value (SD)*
52.4 75 (20) 0.78 (0.24)
37.8 79 (23) 0.63 (0.42)
60.5 60 (25) 0.51 (0.32)
34.3 63 (21) 0.59 (0.33)
57.7 66 (20) 0.64 (0.23)
47.2 52 (19) 0.47 (0.28)
60.8 57 (21) 0.56 (0.30)
42.4 62 (21) 0.64 (0.30)
50.8 69 (20) 0.72 (0.25)
56.7 63 (20) 0.64 (0.28)
49.8 66 (22) 0.46 (0.43)
57.4 53 (24) 0.52 (0.29)
56.0 70 (20) 0.80 (0.23)
61.7 62 (21) 0.60 (0.37)
31.7 59 (18) 0.61 (0.27)
69.9 52 (26) 0.38 (0.41)
22.1 79 (16) 0.87 (0.14)
72.8 64 (18) 0.64 (0.24)
71.4 60 (21) 0.54 (0.33)
70.1 58 (21) 0.53 (0.34)
63.9 52 (21) 0.47 (0.37)
63.0 41 (30) 0.25 (0.43)
69.4 56 (22) 0.48 (0.34)
51.5 64 (23) 0.62 (0.33)
pulmonary disease; EQ-5D-3L, three-level version of the EuroQol
s by dimension (consistent data set).
EQ-5D-5L
Moderate problems Severe problems Unable to
16 1 4
586 386 23
4 30 112
13 5 0
313 109 6
6 35 140
20 9 0
656 274 15
23 134 239
21 6 2
837 239 8
19 159 82
30 10 3
692 164 6
17 158 93
aire; EQ-5D-5L, five-level version of the EuroQol five-dimensionalFem
46
34
73
54
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r711V A L U E I N H E A L T H 1 5 ( 2 0 1 2 ) 7 0 8 – 7 1 5gistic regression in which the probability of a particular health
state has a logistic link function to a set of explanatory variables. It
is a special form of multinomial logistic regression in which the
coefficients in the prediction function are identical for all catego-
ries of the dependent variable (which seems likely in this case). A
variation of the OLR model was also explored that included inter-
action terms for the other dimensions.
The fourth model, based on the psychometric scaling ap-
proach, was an indirectmethod to obtaining values for the 5L. The
partial credit model, an item-response theory (IRT)-based model,
was used to define an underlying construct for each dimension as
measured by the 3L and 5L systems [17,18]. Probabilities of re-
sponse patterns are estimated along a continuous underlying vari-
able for each pair of 3L and 5L items. Using this model, category-
specific average person parameters are calculated and used to
estimate the 5L index values according to an algorithm. This
method has been previously explored as a methodological ap-
proach to deriving a crosswalk between the 3L and an experimen-
tal version of the 5L [19]. The model assumes the probability of
Table 3 – In-sample (fit) and out-of-sample prediction (pred
Data set/cohort n
Direct m
Linear Linea
log(su
Pooled 3691 0.015 0.01
Without COPD/asthma 3349 0.014 0.01
Without diabetes 3416 0.015 0.01
Without liver disease 3265 0.016 0.01
Without RA/arthritis 3319 0.014 0.01
Without cardiovascular disease 3440 0.014 0.01
Without stroke 3077 0.013 0.01
Without depression 3441 0.014 0.01
Without personality disorders 3307 0.014 0.01
Without students 3248 0.016 0.01
Data set/cohort n
Direct m
Linear Linea
log(su
COPD/asthma 342 0.021 0.02
Diabetes 275 0.008 0.00
Liver disease 426 0.006 0.00
RA/arthritis 372 0.019 0.01
Cardiovascular disease 251 0.020 0.01
Stroke 614 0.028 0.02
Depression 250 0.017 0.01
Personality disorders 384 0.024 0.02
Students 443 0.007 0.00
Mean 0.017 0.01
COPD, chronic obstructive pulmonary disease; OLR, ordered logistic r
* The dependent variable for all direct models was the UK index val
dimensions (20 dummy variables for each of the levels on each of t
variable was added that was the logarithm of the sum score of all di
that indicated any problems on level 4 (N4) or level 5 (N5) on any di
for the indirect models: for the nonparametric and OLR models, th
dummy variables per dimension indicating problems), and for the
(coded as 1, 2, and 3).
† All in-sample predictions were based on the consistent data set.
‡ Themodels for the nine population groupswere based on the consis
set including inconsistencies.esponses to be normally distributed. So, for each score on theunderlying variable there is a probability to be in one of the 3L
states and in one of the 5L states. By integration over this under-
lying variable, estimates are obtained of the probability to be in
any of the 3L scores given the 5L score. Finally, the technique of
summating the 243 resulting products of transition probabilities
with their corresponding 3L values was applied to calculate the 5L
values.
Inconsistencies
An important issue we needed to resolve was the tension between
using all data or to restrict the analysis to logically consistent re-
sponses. An example of a logical inconsistencywould be a respon-
dent who reports level 1 (no problems) on the 5L and level 3 (ex-
treme problems) on the 3L. While such responses could be
assumed random error, it was debatable whether to include them
given decision rules can be implemented to identify inconsistent
responses.
Problematically for developing a crosswalk, the value for 11111
e power) for crosswalk methods (mean square error)*.
In-sample (fit)†
od Indirect method
Linear 
N4  N5
Nonparametric OLR OLR 
interaction
0.014 0.014 0.014 0.013
0.013 0.013 0.013 0.013
0.014 0.014 0.014 0.014
0.015 0.015 0.015 0.014
0.013 0.013 0.013 0.013
0.013 0.013 0.013 0.013
0.013 0.013 0.013 0.013
0.014 0.013 0.013 0.013
0.013 0.013 0.013 0.013
0.015 0.014 0.014 0.014
Out-of-sample (predictive power)‡
od Indirect method
Linear 
N4  N5
Nonparametric OLR OLR 
interaction
0.020 0.020 0.020 0.020
0.007 0.007 0.007 0.008
0.006 0.005 0.005 0.006
0.020 0.018 0.018 0.018
0.019 0.019 0.019 0.018
0.022 0.017 0.017 0.017
0.016 0.016 0.016 0.016
0.023 0.021 0.021 0.023
0.007 0.007 0.007 0.007
0.016 0.014 0.014 0.015
sion; RA, rheumatic arthritis.
dependent variables for the linear model were the scores on the 5L
mensions indicating problems); for the linear plus log(sum) model, a
ions; and for the linearN4N5, two dummy variables were added
ion. The dependent variables were the scores on the 3L dimensions
ependent variables were the identical dimension scores on 5L (four
plus interaction model, the other 5L dimension scores were added
ata set. Out-of-sample predictionswere based on the remaining dataictiv
eth
r 
m)
4
3
5
5
3
4
3
4
3
5
eth
r 
m)
1
7
6
9
9
4
7
1
7
6
egres
ue: in
he di
mens
mens
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OLR
tent don the 5L might be lower than 1 when including these responses,
712 V A L U E I N H E A L T H 1 5 ( 2 0 1 2 ) 7 0 8 – 7 1 5counterintuitively truncating the range of values possible for the
5L system to less than the range of 3L values. For these reasons, we
conducted analyses on the full data as well as excluded inconsis-
tent responses. We then chose to exclude “inconsistent” re-
sponses to create a so-called consistent data set. The consistent
data set was derived from logic rules intended to reduce the num-
ber of responses in crosswalk that appeared to be illogical re-
sponse combinations to the 3L and the 5L. We defined all re-
sponses to be “inconsistent” when a 3L response corresponded to
a 5L response that was two, three, or four levels away (e.g., 1 on 3L
with 3 on 5L; or 2 on 3L with 1 on 5L).
Model selection
We applied four criteria to assess the performance of each of the
models to recommend a preferred approach. First, the theoretical
background of the variousmodelswas considered. There are some
limitations to the direct and indirect methods that are known in
advance of comparing their statistical performance. Indirect
methods lead to a solution that is independent of the value set
used, which is advantageous in that direct methods need com-
pletely new link functions for each value set. Only the weighted
averages over the 243 states for each 5L value have to be recalcu-
lated when applying a new value set. Furthermore, the indirect
method is modeling upon response behavior and therefore more
closely follows the dimensional structure of the EQ-5D question-
naire.
The second and third criteria are statistical in nature: in-
sample prediction (fit) and out-of-sample prediction (predictive
power). Each model predicts 5L index values that can be com-
pared to the observed 3L values. Here, fit was measured as the
mean squared error (MSE) of the models on the (in-sample)
pooled consistent data set. Predictive power was measured as
the MSE of a number of out-of-sample predictions by using the
following strategy. The data set was categorized into nine pop-
ulation subgroups, and the values resulting from the models
within each population group were used to predict the values
for the remainder of the data (out-of-sample). Inconsistencies
were not excluded from the predictive samples (out-of-sample)
when applying this approach. The fourth criterion was parsi-
Fig. 1 – Data fit for final model.mony, which for our purposes was the model that was the leastcomplicated and invoked the fewest assumptions when two
approaches performed similarly.
A final consideration relates to a large gap in values between
full health (11111) and the second best health state, a known crit-
icism of the UK value set for the 3L. For the UK value set, this gap
is 0.117 (1 minus the value for health state 11211, which is 0.883).
We were interested in the extent to which each model reduced
this gap in values using the 5L.
Results
In total, 3691 respondents completed both the 3L and the 5L. The
overall cohort was 53% female and had a mean age of 51.5  20
years. A mean (SD) visual analogue scale score of 64 (23) was ob-
served, ranging from 41 (30) for Parkinson’s disease to 79 (16) for
the student sample.Mean (SD) index-based valueswere 0.62 (0.33),
ranging from0.25 (0.43) for Parkinson’s disease to 0.87 (0.14) for the
student population. For the purposes of modeling, respondents
were classified into nine subgroups: chronic obstructive pulmo-
nary disease/asthma (n  342), diabetes (n  275), liver disease
(n  426), rheumatoid arthritis/arthritis (n  372), cardiovascular
disease (n  251), stroke (n  614), depression (n  250), personal-
ity disorders (n  384), and students (n  443) (Table 1).
The number of missing values ranged from 26 (0.70%) on self-
care (5L) to 45 (1.22%) on pain/discomfort (3L). A total of 522 incon-
sistencies were found, distributed across 426 respondents. Cross-
tabulations of responses to the 3L and the 5L, resulting from the
full sample (including inconsistent responses), show that a broad
spectrum of levels of health on each dimension was reported by
the participants (Table 2).
The in-sample prediction (fit) and out-of-sample prediction
(predictive power) produced similar results across the various
models (Table 3). Results ranged from anMSE of 0.013 for OLR plus
interaction to 0.015 for the linear model. Generally, the indirect
methods performed slightly better than the directmethods. There
was considerable variation across subsamples, from an MSE of
0.007 for the student sample (all models) to 0.028 for respondents
with stroke (linear model: Table 3, bottom). Note that the IRT
model could not be performed on the consistent data set. How-
ever, the IRT-based model performed equally well compared with
other models when using the full data set (data not shown). Note
that little is gained by allowing interactions between dimensions
in the OLR model.
Plots of observed (3L) and predicted (5L) values based upon the
linear and nonparametric models are shown in Figure 1. Figure 1
illustrates that the 5L values based on the models tended to un-
derpredict 3L observed values on the upper end of the scale and
overpredict values on the lower end of the scale. For the results of
the OLR model, responses to each dimension on the 5L appear as
bar graphs on the x-axis, which represents the level of severity of
the trait/dimension (xlb), as shown in Figure 2. The probability of
endorsing level 1 (black line), level 2 (green line), or level 3 (red line)
on the 3L system for a given level of the trait is represented by the
three lines. As shown in Figure 2, the probability of endorsing level
3 in the 3L system is always lower than the probability of endors-
ing level 5 on the 5L system. Alternatively stated, Figure 2 illus-
trates that level 5 on the 5L system represents more extreme
health problems than does level 3 on the 3L system, and con-
versely that level 1 on the 5L system is healthier than level 1 on the
3L system.
The gap between full health (11111) and the next best health
state was reduced to the greatest extent when using the linear
model. The reduction was 0.038; 0.049 with any level 4 (N4) and/or
any level 5 (N5) included and 0.043 when including the logarithm
of the summed score. In contrast, the gap was reduced by only
0.022 when using the OLR model (0.030 with interactions terms)
and by 0.023 when using the nonparametric model.
713V A L U E I N H E A L T H 1 5 ( 2 0 1 2 ) 7 0 8 – 7 1 5In regard to fit and predictive power, all models produced sim-
ilar results. When considering theoretical background, indirect
methods are preferred because the resulting models are indepen-
dent of the value set used. Following the final criterion of parsi-
mony, the nonparametric indirect mapping model was recom-
mended for obtaining 5L values.
Because each 5L value for the nonparametric model was based
on a summation of 243 products of transition probabilities with
their corresponding 3L index values, we cannot show direct pa-
rameter estimates for the final 5Lmodel, as was the case for the 3L
value sets. To give an example of the actual 5L values for the final
model, Table 4 shows mean observed 3L values with standard
errors and 5L index values based on the nonparametric model for
a selection of the most frequently occurring health states (UK
value set).
Discussion
The objective of this study was to explore various methods that
could be used to estimate value sets for health states defined by
the EQ-5D-5L and to recommend a specific crosswalk. We em-
ployed criteria that are often used in studies that seek to estimate
values or utilities for health-related quality-of-life measures, in-
cluding the theoretical basis, model fit, predictive power, and par-
simony/simplicity. The various approaches produced similar re-
sults on several of the criteria, and ultimately we preferred the
intuitive appeal and transparency of the nonparametric model,
Fig. 2 – Fit for ordered logistic regression (OLR) by dimension
line: probability of level 2; red line: probability of level 3; x1band importantly, its “value set free” ability to estimate 5L valuesets by using any 3L value set. While direct linear regression esti-
mation using index values for EQ-5D-3L health states has the ad-
vantage of being technically simple, it is value set dependent. In
contrast, the indirect method seeks an association between the
two health state classification systems and yields solutions that
are structurally independent of the value sets used to compute
index values. This approach has been applied previously to build a
crosswalk between the EQ-5D-3L and the short-form-12 item
questionnaire (SF-12), although in that study all dimensions of the
EQ-5D questionnaire and all items of the SF-12 were mapped [20].
In recent years, in the absence of value sets directly elicited
from large samples representative of the general population, var-
ious disease-specific and generic measures have mapped descrip-
tive systems onto established utility-based genericmeasures such
as the EQ-5D questionnaire [21]. One of the major limitations of
mapping items from onemeasure to another to estimate a utility-
based summary score is the difference in content coverage. In this
respect, the present study is well suited to a mapping approach
because the dimensions of the EQ-5D-3L and the EQ-5D-5L are
identical.
In selecting the “best” model there aremany criteria that could
be adopted. All other things being equal, the criterion of parsi-
mony is a guiding principle in the sense that it enhances transpar-
ency and aids in the interpretation of scores. In this respect, the
nonparametric model appears to be the most suitable approach,
because it is easy to operationalize and produced prediction errors
that hardly differed from the othermodels.When considering the-
sistent data set). Black line: Probability of level 1; green
el of trait.(con
: levoretical rigor, the OLR model was desirable in the sense that com-
714 V A L U E I N H E A L T H 1 5 ( 2 0 1 2 ) 7 0 8 – 7 1 5plementary dimensions were taken into account and it also pro-
vided good predictions. The IRT model may be the most elegant
modelwith its acknowledgment of the latent and continuous scale
underlying each dimension, and provides a rich source of infor-
mation about the strengths and weaknesses of the descriptive
systems that are insightful but not directly relevant to the goals of
this article. IRT-based models were incompatible with the consis-
tent data set because the model identifies parameters based on
variation in responses. By excluding the variation, the parameters
that distinguish between the likelihood to be in one state or an-
other cannot be estimated.
We selected the nonparametric indirect model because it was
simple, demonstrated fit statistics, and had predictive power com-
parable to that of the more complex models. Brazier et al. [21]
conducted a comprehensive review of mapping studies and re-
ported a range of root mean square error from 0.084 to 0.2 for a
total of 119within-samplemodels over 30 studies. OurMSE for the
nonparametric model of 0.014 equals to a root mean square error
of 0.12, which lies in the lower half of the reported range. Although
we illustrated our results by using the UK value set [16], value sets
were calculated for many country-specific value sets. These 5L
value sets can be obtained from the EuroQol Web site at www.
euroqol.org along with an Excel file that enables users to easily
calculate the 5L index values from their 5L dimension scores.
This study has several limitations, some of which are common
to mapping studies. First, mapping is data dependent, and so the
selection of respondents can influence the calibration of values.
For this reason, the data collection phasewas designed to facilitate
a wide range of levels of health across the different dimensions on
Table 4 – Mean observed 3L and 5L index values based
on the nonparametric model for frequently occurring
health states (UK value set).
Health state n Observed 3L
value
SE 5L index
value
MSE
11112 209 0.890 0.006 0.879 0.007
11113 58 0.844 0.009 0.848 0.005
11121 143 0.840 0.010 0.837 0.014
11122 138 0.782 0.008 0.767 0.009
11123 54 0.769 0.013 0.749 0.009
11131 28 0.796 0.009 0.796 0.002
11211 28 0.907 0.016 0.906 0.007
11212 35 0.818 0.011 0.837 0.004
11213 23 0.826 0.010 0.819 0.002
11221 41 0.817 0.012 0.795 0.006
11222 67 0.730 0.008 0.736 0.005
11223 28 0.726 0.010 0.721 0.003
11324 21 0.428 0.051 0.501 0.057
21111 28 0.911 0.020 0.877 0.012
21121 50 0.765 0.011 0.767 0.006
21122 24 0.734 0.019 0.708 0.009
21221 55 0.723 0.008 0.735 0.005
21222 48 0.642 0.017 0.679 0.015
21231 28 0.707 0.007 0.710 0.001
21232 27 0.626 0.009 0.654 0.003
22222 14 0.578 0.030 0.592 0.012
22332 13 0.540 0.019 0.560 0.003
31333 17 0.614 0.006 0.620 0.001
32331 17 0.599 0.008 0.604 0.001
33333 15 0.509 0.025 0.516 0.009
43433 14 0.383 0.069 0.378 0.061
43443 17 0.267 0.067 0.206 0.076
55544 15 0.337 0.044 0.352 0.027
MSE, mean squared error; SE, standard error.the EQ-5D questionnaire in a large number of respondents fromdifferent counties. A second limitation relates to restrictions on
the range of scale possible for 5L values whenmapping to 3L value
sets. Specifically, respondents who categorized themselves as
55555 when using the 5L can report no worse than 33333 when
using the 3L, yet it is possible for them to report 23333 without
being classified as inconsistent. For this reason, a crosswalk-based
approach limits the value of 55555 to be no lower than that of
33333. This limitation places an artificial floor effect on the values
of the 5L that contrasts with research showing that a five-level
system actually broadens the measurement continuum and
would be expected to result in lower values when compared with
a three-level system [13,19]. The decision to base the crosswalk on
the consistent data set utilized decision rules to minimize the in-
fluence of illogical response combinations that, because of the
weights contributed by those responses, would mitigate the ben-
efits of a scale based on a 5L system. A third limitation is that 3L
and 5L dimension scores were pooled from various countries, us-
ing different translations of the 5L descriptive system. There
might have been cultural differences in how respondents from the
various countries interpret the different 5L translations. The only
way to deal with this problemwould be to develop a crosswalk for
each country separately. This was deemed unfeasible because of
budget and time constraints. Furthermore, intercountry results
from the United Kingdom and Spain showed that the 5L labels
performed substantially similarly on the response scaling task [3].
A final limitation is that there might have been an ordering effect
by always presenting the 5L first.
In the near future, valuation studies will be carried out to ob-
tain direct valuations for the new EQ-5D-5L, which should address
the limitations mentioned above. In absence of those valuation
studies, scores for the 5L can be obtained by using the approach
recommended in the present study. While there are limitations to
the crosswalk-based approach, a notable strength of the recom-
mended crosswalk is the ability to apply it to all existing 3L value
sets. In addition, it has the advantage of compatibility with past
scoring approaches to the 3L in the sense that no other aspects of
the protocol for eliciting utilities have been modified.
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